The effects of past land-cover changes on climate are disputed [1] [2] [3] . Previous modelling studies have generally concluded that the biogeophysical effects of historical deforestation led to an annual mean cooling in the northern mid-latitudes 3,4 , in line with the albedo-induced negative radiative forcing from land-cover changes since pre-industrial time reported in the most recent Intergovernmental Panel on Climate Change report 5 . However, further observational and modelling studies have highlighted strong seasonal and diurnal contrasts in the temperature response to deforestation [6] [7] [8] [9] [10] . Here, we show that historical deforestation has led to a substantial local warming of hot days over the northern mid-latitudes-a finding that contrasts with most previous model results 11, 12 . Based on observation-constrained state-of-the-art climate-model experiments, we estimate that moderate reductions in tree cover in these regions have contributed at least one-third of the local present-day warming of the hottest day of the year since pre-industrial time, and were responsible for most of this warming before 1980. These results emphasize that landcover changes need to be considered when studying past and future changes in heat extremes, and highlight a potentially overlooked co-benefit of forest-based carbon mitigation through local biogeophysical mechanisms.
. These landcover changes (LCCs) have had substantial impacts on climate by altering the carbon stocks, which contributed to the increase in the CO 2 atmospheric concentration 5 (biogeochemical effects), as well as by modifying land-surface properties such as albedo, evapotranspiration efficiency and roughness, affecting the surface energy budget 3, 6, 7, 14 (biogeophysical effects). Even if the biogeophysical effects had limited consequences at the global scale, over some regions that have experienced extensive LCCs they have impacted annual mean temperature by a similar magnitude to the concomitant increase in greenhouse gases 3 . Previous modelling studies indicated significant biogeophysical impacts of historical LCCs on hot days over mid-latitudes 11, 12, 15 . Most of them indicated a cooling effect. Nevertheless, there exists some model disagreement concerning the overall sign of these impacts. For example, three out of four climate models that were used in the model intercomparison project 'Land-Use and Climate, IDentification of robust impacts' (LUCID) simulated a decrease in extremely warm daytime temperatures over the northern midlatitudes during summer due to historical LCCs 11 . However, the remaining model (IPSL) showed the opposite effect, in agreement with another similar study using the CSIRO-Mk3L model 15 . Consistent with the overall LUCID results, a detection and attribution study using optimal fingerprinting was conducted with the HadGEM2-ES model 12 , which suggested an LCC-induced cooling trend of extremely warm temperatures at the global scale, but especially in northern mid-latitudes over the past half of the twentieth century. This lack of model agreement is not limited to hot days, as the sign of the impacts of historical LCCs over these regions was found to be consistent between extremely warm daytime and mean summer temperatures within individual LUCID models 11 . Recent observational studies have re-examined these modelling results under a new light [8] [9] [10] . In situ observations over North America comparing neighbouring measurement sites located over different land-cover types indeed indicate that open lands are overall warmer than forests during daytime in summer 8 . Moreover, globalscale studies based on satellite remote sensing have confirmed this finding 9, 10 . In addition, satellite observations in the centre of France showed that the higher surface temperatures over open lands compared with forests during daytime were exacerbated during heatwaves as opposed to normal summer conditions 16 . These findings based on spatial comparisons of present-day observations therefore suggest that historical deforestation may have amplified extremely warm temperatures during daytime.
In this study, we used observational data to constrain the historical impact of deforestation on hot extremes in 11 models from the Coupled Model Intercomparison Project Phase 5 (CMIP5; ref. 17 ) that simulate the climate effect of LCCs (see model list in Table 1 ). These fully coupled models were found to be generally able to reproduce the spatial distribution and trend patterns of hot temperature extremes from the gridded observational dataset HadEX2 (ref. 18 ). On the basis of this ensemble, we estimated the local impacts of historical deforestation on mean daily maximum surface air temperature (TX) in the warm season, as well as its yearly maximum value (TX x ) from 1861 to 2000, compared with a pre-industrial control period. For this purpose, we used a recently developed methodology 6,7 based on a comparison of historical temperature changes over neighbouring areas that have experienced different deforestation rates (see Methods). One advantage of the reconstruction method is that it can be directly applied to historical simulations considering all climate forcings without the need for additional factorial experiments isolating the effect of the land-use forcing. This method compares well with results from the more classical factorial method (see Supplementary Fig. 1 ).
Only 5 of the 11 CMIP5 models show the same sign as in situ observations with respect to summer daytime temperature sensitivity to deforestation: CanESM2, IPSL-CM5A-LR, IPSL-CM5A-MR, (Table 1 and Supplementary  Fig. 2 ). In the rest of this study, we therefore focus on the results of these five selected models and their multi-model mean (MMM), on the ground that they capture more realistically the response of summer daytime temperature to deforestation, which is most relevant for our investigation of changes in hot extremes.
The constrained MMM shows that historical deforestation has led to local increases in TX x over extensive parts of North America, Eurasia and South Asia, but also southern South America, eastern Australia and southeastern Africa during present-day (1981-2000) compared with pre-industrial conditions (Fig. 1) . At least three of the five selected models agree that this warming is significant for large areas of North America and Eurasia. In contrast, a few regions have experienced a cooling in response to deforestation (mostly southeastern Brazil), but this result is only significant in a minority of models. The strongest deforestation-induced warming of TX x has occurred over North America and Eurasia, where it reaches 0.3 °C on average (over areas that have been at least moderately deforested; encircled in green in Fig. 1 ) and up to 1 °C locally over the Great Plains. The MMM warming is more moderate over South Asia (0.1 °C), with only the CanESM2 model showing significant changes. The sign of the impacts of historical deforestation is consistent between TX x and mean June-July-August (JJA) TX within each model. Moreover, despite a substantial spread between estimates from individual models, there is a tendency among most of the selected models to simulate slightly (non-significantly) higher impacts of deforestation on extremely warm than mean summer daytime temperature (Fig. 1) .
Based on the MMM, we infer a local sensitivity of TX x and mean JJA TX due to deforestation of 0.12 ± 0.001 °C and 0.08 ± 0.001 °C, respectively, for a 10% decrease in tree cover over North America and Eurasia ( Fig. 2 and Table 2 ). These figures have remained fairly constant along the industrial period (Supplementary Table 2 ). These observational estimates hence constitute further indication that the selected models correctly simulate the sign of the response of summer TX to deforestation over mid-latitudes. They also suggest Table 2 . Letters NaTure ClImaTe CHaNge that the MMM sensitivities may be underestimates, although methodological differences in the employed reconstruction method as well as in the regions over which results were averaged impart a precise quantitative comparison between the mentioned observational results and ours. Extensive deforestation took place early in the industrial period over the northern mid-latitudes. By 1920, the resulting MMM increases in TX x through biogeophysical effects had already reached 0.3 °C (~75% of their present-day values) over the most deforested areas of North America and Eurasia (Fig. 3) . On average before 1920, local deforestation was responsible for most of the TX x warming over these regions, while other forcings and internal variability led overall to no changes over North America and to a cooling over Eurasia. Our reconstructions show that the deforestation-induced increase in TX x then levelled off over the rest of the twentieth century due to the slowing down of deforestation in northern mid-latitudes. Over this period, the influence of other forcings gradually became more important, leading to a total warming of 1.3 °C over North America and 1 °C over Eurasia by the present-day (0.9-1.8 and 0.5-1.5 °C, respectively, depending on the model used). The relative contribution of the biogeophysical effects of deforestation remained as high as 56% (20-115%) over North America and 32% (between 22% and 7 times higher, depending on the models) over Eurasia on average between 1920 and 1980. This decreased to ~30% on average over the more recent 1981-2000 period, although this estimate is very much model-dependent (Fig. 1) . Considering additionally that forest removal accounted globally for 30% of the cumulative carbon emissions since 1850 (refs 19, 20 ), deforestation was responsible for at least another 20% of the increase in TX x between 1861 and 2000 over the considered regions, according to the MMM (see Methods for more details).
The local warming signal of deforestation presented in this study is based on modelling evidence constrained by presentday observations. An open question is the possibility of its direct identification in observational records. However, this still requires overcoming the following issues: (1) the absence of longterm temperature measurements over forests (because weather stations are required to be located over short vegetation types); (2) the high internal variability that prevails at regional scale 21 ; (3) uncertainties in both climate records and land-use reconstructions for the early industrial period 13, 22 and (4) the intertwining of the historical deforestation signal with that of other related processes such as irrigation or land management. These were indeed shown to have strongly influenced historical trends in regional temperatures [23] [24] [25] , but are often not represented in current climate models. Therefore, the development of appropriate tools to identify the local signature of deforestation in observations constitutes an important challenge, in particular for the detection and attribution community.
Our analysis also confirms the difficulty in capturing the biogeophysical impacts of LCCs on temperature using global metrics such as the Radiative Forcing Framework 14, 26 . This framework, which is classically used to compare climate forcings, indeed only considers albedo changes following deforestation, which have a cooling impact 3, 7 . It thus fails to capture the non-radiative effects (such as changes in the partitioning of turbulent fluxes), which play a dominant role in the summer response to deforestation 7 . The historical deforestation-induced increase in the intensity of hot days described in this study does not align with the associated albedo increase reported over the same period 5 , and therefore reaffirms that the Radiative Forcing framework is of limited usefulness when investigating the climate consequences of land-use practices.
In conclusion, our results shed new light on the importance of LCCs for the historical evolution of hot extremes at regional scales. Contrary to many previous studies, which suggested that the biogeophysical effects of historical deforestation had mitigated daytime hot extremes over mid-latitudinal regions 11, 12 , this observation-constrained analysis of CMIP5 models shows that they have actually led to significant local increases in TX x over many areas in the world. They were responsible for at least half of the warming of TX x over most deforested mid-latitudinal regions by 1980. Our best estimate suggests that the present-day contribution of deforestation to the TX x increase over this region still equals at least 50% once the warming entailed by the LCC-induced carbon emissions is considered. This also has implications for future land-use policies. In fact, although a small biogeophysical increase of annual mean temperature in temperate regions has previously been mentioned as a possible consequence of afforestation or reforestation policies that would be primarily designed for carbon dioxide removal [27] [28] [29] , our study suggests that they could locally help reduce the intensity of heat extremes. It is thus of critical importance to better account for the biogeophysical effects of LCCs in historical simulations and climate projections, as well as in upcoming Intergovernmental Panel on Climate Change assessments.
methods
Methods, including statements of data availability and any associated accession codes and references, are available at https://doi. org/10.1038/s41558-018-0131-z. 1881-1900, 1901-1920, 1921-1940, 1941-1960, 1961-1980 and 1981-2000 .
We then compared them with their average values over the first 200 years of the pre-industrial control simulations. After calculation of the reconstructed effects of deforestation, the results from each model were re-gridded on a common 2.5° × 2.5° grid using a bilinear interpolation method. Because IPSL-CM5A-LR and IPSL-CM5A-MR are two versions of the same model, we assigned to them only half of the weight given to CanESM2 in the calculation of the MMM. The same procedure was applied to MPI-ESM-LR and MPI-ESM-MR.
Local impacts of deforestation on temperature. We reconstructed the local impacts of historical deforestation on mean JJA TX and TX x by fitting linear regressions between the simulated temporal changes in these variables and those in tree fraction within spatially moving windows encompassing 5 × 5 model grid cells (also called 'big boxes'). This method assumes that LCCs constitute a spatially heterogeneous forcing that mostly impacts temperature in each grid cell individually, in contrast with other climate forcings like greenhouse gases, which affect temperature similarly in all grid cells from the same big box. Similar methodologies based on this same assumption had already been employed to analyse CMIP5 models 6, 7 . In practical terms, to derive the changes in TX x due to local deforestation over a given land grid cell i (δ TX x,def (i)) we considered a big box of a size of 5 × 5 grid cells centred over i. Within this big box, for every 20 year period, the total changes in TX x (δ TX x ) for each land grid cell were modelled by linear regression using four spatial predictors: the deforestation rate experienced by the grid cells between the pre-industrial period and the period of interest (defrate) and their latitude (lat), longitude (lon) and elevation (elev), such that:
where defrate, lat, lon and elev are vectors containing up to 25 values, while the β coefficients are specific to each 20 year period and each particular big box. δ TX x,def (i) is then obtained by scaling the results of this local regression with the deforestation rate experienced over i (compared with pre-industrial):
x,def 1
We applied the same method to simulate changes in mean JJA TX. Previous studies based on similar methodologies employed another approach to separate the grid cells within each big box in two bins. They used an ad hoc threshold corresponding to a critical change in either crop 6 or tree fraction 7 . The suitability of the threshold-based method to investigate the local impacts of historical LCCs on seasonal mean albedo, surface heat fluxes and surface air temperature was previously demonstrated 7 , showing that it gives similar results to the more commonly used factorial experiment method (that is, the difference between a model experiment in which the land-cover forcing is applied and a control one). Here, we applied the regression-based reconstruction method over each land grid cell for which the corresponding big box contained at least 15 land grid cells, which is an advantage compared with the threshold-based approach that could only be applied to grid cells where the intensity of historical LCCs exceeded the specified ad hoc threshold. We chose to use three spatial predictors (latitude, longitude and elevation) in addition to the deforestation rate experienced by the grid cells because we found that this limits the reconstruction of false deforestation signals or artefacts, which are in reality due to natural climatic gradients within the big boxes and not related to variations in the LCC forcing. We found that the regressionbased reconstruction method tends to estimate smaller deforestation-induced temperature changes compared with the factorial experiment approach for some of the models for which both methods were applicable (Supplementary Fig. 1 ). This tendency had already been noted for the threshold-based method 7 . Moreover, our results indicate that the reconstruction method is less subject to internal variability than the factorial experiment one (Supplementary Fig. 1 ).
Estimating uncertainty of the reconstruction method. An uncertainty range for the reconstructed signal was computed by applying the regression to each ensemble simulation of a given model. In addition, for each ensemble simulation and each big box, a jackknife resampling was conducted. Alternatively, and as many times as there were land grid cells with non-missing values in the big box, the values from one grid cell were systematically left out before the regression was computed again based on this new sample 30 . Depending on the number of land grid cells in the big box, we thus obtained between 16 and 26 estimates of δ TX x,def and δTX def JJA for each land grid cell of each ensemble simulation. We then retained the median of these estimates, which increased the robustness of our results by eliminating strong dependencies on single model grid cells. The confidence intervals shown in Fig. 1 were also derived from this jackknife resampling process.
